We investigate three facets of cross-sectional variation in the risk of stock price crashes: actual crash incidence, and two predictors of that risk, accounting opacity and the option smirk curve. We show that all three of these variables are related. Option smirks and accounting opacity each independently predict cross-sectional variation in crash risk and crash magnitude. The slope of the smirk curve and opacity are themselves correlated at extremely high levels of statistical significance, indicating that the market is aware of the link between opacity and crash risk. Nevertheless, even controlling for the option smirk, several measures of accounting opacity continue to be reliably associated with crash risk, suggesting that the options market does not fully utilize the predictive value of accounting opacity. Moreover, some of our results are consistent with behavioral models in which strong recent performance is extrapolated too far into the future, only to result in a major reversal when those expectations are disappointed. (Merton, 1976; Cox and Ross, 1976) . Again, understanding the factors that drive cross-sectional variation in such tail risk would be of obvious importance to market participants and allow for more precise option pricing.
1 Opacity, Crash Risk, and the Option Smirk Curve
Introduction
Jump risk in security prices has attracted increasing attention in recent years, particularly in the period since the 2008 financial crisis. While that crisis precipitated dramatic market-wide price declines, firm-specific price crashes also are of obvious concern to investors. Part of that interest is practical. Understanding the firm-specific characteristics that can predict extreme outcomes would clearly be useful in portfolio and risk-management applications that focus on tail events, for example, value at risk (Longin, 2000; Berkowitz and O'Brien 2002) . Similarly, option valuation depends in part on jump risk (Merton, 1976; Cox and Ross, 1976) . Again, understanding the factors that drive cross-sectional variation in such tail risk would be of obvious importance to market participants and allow for more precise option pricing.
Jump risk may also reflect and shed light on deeper issues concerning the flow of information in capital markets. While most benchmark models typically presume continuous prices (and correspondingly, continuous release of information), it is well known that stock prices are more prone to big downward moves than big upward ones (French, Schwert, Stambaugh, 1987; Campbell and Hentschel, 1992; Bekaert and Wu, 2000) . Thus, it is useful to distinguish crashes from positive jumps. Several recent papers suggest that firm-specific crash risk may be an outcome of intentional information management (see Kirschenheiter and Melumad, 2002; Jin and Myers, 2006) . In this view, managers are able to stockpile negative information, hiding it from investors' view until a tipping point is crossed at which the accumulated information is released all at once, resulting in a stock price crash. Indeed, Hutton, Marcus, and Tehranian (2009) demonstrate that firms that more aggressively manage earnings are more prone to stock price crashes, but not to sudden large positive stock price jumps. This asymmetry suggests that crash risk can be a symptom of earnings management.
The Hutton, Marcus, Tehranian (HMT) results raise another question. If firm characteristics such as the proclivity to manage earnings can predict stock price crashes, one immediately wonders whether the market recognizes that predictive value and impounds it into option prices. For example, is the slope of the option smirk curve, widely recognized as an indicator of crash risk (Bates, 1991; Dumas, Fleming and Whaley, 1998; Bates, 2000; Pan, 2002) , steeper for firms with higher levels of opacity? We show that measures of earnings management including, but not limited to, the opacity measure introduced in HMT do predict a steeper smirk, consistent with the market impounding information about the association between earnings management and crash risk.
Having established that the market does in fact seem to recognize the impact of opacity on crash risk, we ask next whether the option smirk curve fully reflects the information potentially available to the market. Specifically, can information from outside the options market be used to improve on crash expectations already reflected in option prices? If so, that would suggest useful strategies for both risk managers and option traders who have an obvious interest in sharpening their assessments of crash risk. Our results indeed suggest that crash predictions from the option smirk curve can be improved upon using accounting data.
Our results also bear to some extent on widespread interest in accruals anomalies (Sloan, 1996 , Chan et al. 2006 , Mashruwala, Rajgopal and Shevlin 2006 , Pincus, Rajgopal and Venkatachalam 2007 . Collectively, this evidence suggests that the market does not fully recognize accruals management as part of a larger earnings manipulation strategy, and fails to recognize that abnormal accruals are prone reversals. Therefore, to the extent that accruals-based measures, such as that of HMT, can be used to predict crashes beyond the predictions already reflected in the smirk curve, further doubt is cast on the ability of the market to fully interpret the accruals data available from standard financial statements.
Some of our results are also consistent with related forms of extrapolation error. We find that strong recent performance (for example, consistent sales and earnings growth) and signals of optimism concerning future growth (for example, high market-to-book ratios) are strongly associated with lower forecasts of crash risk reflected in option prices, but higher incidence of actual crashes. This pattern suggests extrapolation error along the lines explored in Lakonishok, Shliefer, and Vishny (1994) .
Our empirical work therefore focuses on predictions of crash risk. We construct measures of crash risk using the history of actual stock price crashes and examine the predictive ability of both option smirks and other, accounting-based, variables to explain that risk.
Surprisingly, for all the interest in the relation between option smirks and crash risk, there has been relatively little empirical analysis of the ability of cross-sectional variation in the smirk curve (or, for that matter, other variables) to predict cross-sectional variation in crash risk. The major exceptions are studies that examine the impact of systematic risk factors, possibly including jump risk, on cross-sectional variation in the level and/or slope of the option smirk (see, for example, Dennis and Mayhew, 2002; Bakshi, Kapadia and Madan, 2003; Duan and Wei, 2008) . However, these papers tend to show how given systematic factors may drive variation in the smirk curve; they do not consider actual crash incidence. In contrast, our focus is on the empirical incidence of crash risk and the comparative ability of option prices and other variables to predict that risk. Using two measures of firm-specific stock price crashes, we confirm that (1) steeper smirk curves are highly significant in predicting both higher crash risk and crashes of greater magnitude; (2) financial statement opacity is also significant in predicting both crash risk and crash magnitude; and (3) earnings management proxies and the slope of the smirk curve are strongly correlated. These results imply that the options market recognizes and prices at least some of the information captured in our accounting-based measure of crash propensities.
Given these results, we next combine option prices (as reflected in smirk curves) with our measure of accounting opacity as well as some sentiment variables to predict crashes. Using the standard argument, if the market efficiently prices options, right-hand side variables other than the smirk should not add predictive power. As it turns out, however, these variables do add power to predict stock price crashes. Therefore, one ought to be able to devise a trading strategy based on them, for example, buying out-of-the-money puts when crash risk is underestimated by the market and selling them when it is overestimated.
In the next section, we review the literature on earnings management, crash risk, and smirk curves, and develop our empirical predictions. Section 3 provides an overview of our data, and Section 4 presents the empirical results. Section 5 presents robustness checks; Section 6 summarizes and concludes.
Related Literature & Hypothesis Development

Smirks and Crash Risk
In the Black-Scholes framework, stock prices are continuous, and volatility is constant. In those circumstances, the implied volatility of all options on a given asset with identical expiration should be equal regardless of strike price. Departures from this implication, reflected in the slope of the volatility skew, or equivalently, the option smirk curve, must reflect departures from the Black-Scholes assumptions. Smirk curves have characterized the implied volatility of individual stock options as well as index options at least since the crash of October 1987 and are widely held to reflect risk of future crashes (Bates, 1991; Dumas, Fleming and Whaley, 1998; Bates, 2000; Pan, 2002) . Bakshi, Cao, and Chen (1997) find that allowing for both jumps and stochastic volatility improves the fit of option pricing models. More recently, Bollen and Whaley (2004) 
Opacity and Crash Risk
A stock price crash almost by definition implies a sudden and dramatic downward revision of market expectations concerning a firm's prospects. In some cases, the original perceptions may have been fostered by the firm's management. For example, several recent models predict that managers may systematically withhold bad news until a threshold is crossed at which point it is no longer either feasible or optimal to hide that negative information. At this point, the information is released in one large batch, precipitating a stock price crash. For example, in Kirschenheiter and Melumad (2002) , higher reported earnings increase the inferred level of permanent earnings and, therefore, firm value. This effect is greater when reported performance is perceived to be more precise, thus encouraging managers to smooth earnings. But when news is particularly bad, managers may under-reports earnings to the greatest extent possible, partially to reduce the inferred precision of the bad news and partially to enable shifting of discretionary income to future periods. This gives rise to occasional big baths, along with stock price crashes.
In Jin and Myers (2006) , lack of full transparency concerning firm performance enables managers to capture a portion of cash flow, in the process absorbing (and therefore making nonvisible) part of firm-specific performance. Managers are willing to personally absorb temporary losses to protect their jobs. However, following a run of bad outcomes, they may be unwilling or unable to absorb any more losses. If they abandon their positions, all of the previously unobserved negative firm-specific shocks become public at once, resulting in a crash.
Jin and Myers measure opacity using characteristics of the broad capital market in which the firm is situated and find that less transparent markets exhibit more frequent crashes. HMT (2009) 
Sample Development and Research Design
Our primary focus is on the relationship between opacity, firm-specific crash risk, and market recognition of such risk in option prices. In this section, we describe the construction of our sample and how we measure each of these concepts.
Sample
We combine firms' weekly stock return data from the Center for Research in Security 
where TA jt denotes total accruals for firm j during year t, Assets jt denotes total assets for firm j at the end of year t, ∆Sales jt denotes change in sales for firm j in year t, and PPE jt denotes property, plant, and equipment for firm j at the end of year t.
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Discretionary annual accruals as a fraction of lagged assets for firm j during year t (DiscAcc jt ) are then calculated using the parameter estimates from Eq. (1):
where hats over the coefficients denote estimated values from regression Eq. (1) (see Dechow,
Sloan, and Sweeney, 1995 for additional discussion).
1 Total annual accruals equal income before extraordinary items and discontinued operations minus cash flow from operating activities.
Following HMT (2009), we define opacity as the three-year moving sum of the absolute value of annual discretionary accruals:
Firms with consistently large absolute values of discretionary accruals are more likely to be managing reported earnings. For example, a classic pattern of earnings manipulation entails large positive abnormal accruals in one year, followed by large negative accruals, reflecting the reversal of accruals without associated cash flows. Thus, both positive and negative discretionary accruals contribute to the moving sum of absolute discretionary accruals.
Dechow, Sloan, and Sweeney (1996) show that manipulation of reported earnings generally occurs from one to three years before detection. Thus, we use a three-year moving sum (instead of a one-year metric) to capture the multi-year effects of earnings management.
Moreover, the moving sum is more likely to reflect an underlying policy of the firm to manage earnings that is less subject to single-year anomalies.
Other Crash Predictors and Control Variables
Our main focus is on opacity created by earnings management as measured by OPAQUE. HMT (2009) justify this measure and demonstrate that it is associated with forced financial restatements. Nevertheless, other variables may also capture the proclivity and/or ability of firms to manage earnings, and one would like to see if our results are consistent across various measures of accounting opacity. As we have noted, extrapolation errors and corrections also could result in firm-specific crashes. Thus, we also consider several alternative crash predictors:
• SALES_STREAK: The number of consecutive years with increasing sales revenue. Beneish (1999) finds that high rates of sales growth are significantly associated with the probability of fraudulent statements. Even if recent sales growth is real, Beneish (1999) argues that firms may feel pressure to maintain recent growth rates, which may induce earnings manipulation. An alternative motivation for SALES_STEAK comes from the behavioral literature: if high recent growth is unduly extrapolated into forecasts for future growth, then ultimate disappointment could result in sudden, dramatic stock price reversals. We define SALES_STREAK as the number of consecutive years with increasing sales revenue, counting backwards from fiscal year -1 to fiscal year -4. SALES_STREAK ranges from 0 to 3.
• EPS_STREAK: The number of sequential prior years with positive, increasing earnings per share. (Results using EPS or adjusted EPS were effectively identical.)
Prior research demonstrates that extended streaks in which EPS only increases may be a sign of earnings management (see e.g., Barth, Elliot and Fin, 1999 and Myers, Myers and Skinner, 2007) . Similarly, like sales growth, recent trends in EPS may foster unrealistic expectations of continued growth. We define EPS_STREAK as the number of sequential prior years with positive and increasing earnings per share, counting backwards from fiscal year -1 to fiscal year -4. EPS_STREAK ranges from 0 to 3.
• AssetQ_i: Asset quality index. Following Beneish (1999), we define asset quality for a given year as the ratio of noncurrent assets other than property, plant, and equipment (PP&E) to total assets. This ratio is intended to measure the proportion of the firm's assets for which future benefits are potentially less certain. The asset quality index is the ratio of asset quality in year t to asset quality in year t -1:
When AssetQ_i is greater than 1, the company has increased its propensity to capitalize costs with greater uncertainty of future benefits than current assets or PP&E. We expect such an increase in asset realization risk to be positively associated with earnings management and thus subsequent stock price crashes.
• SIGNED_ACC: Signed accruals. OPAQUE treats both positive and negative discretionary accruals as indicative of potential earnings management. Negative accruals may result from reversals of previous unjustified positive ones. An alternative approach is to focus on signed discretionary accruals. The motivation for this measure is that a firm consistently attempting to paint an overly rosy accounting picture will repeatedly run up its abnormal accruals. Eventually, the slack allowed by discretion in GAAP will be exhausted and the firm will be unable to continue dressing up its results. At this point a crash is likely to ensue. Therefore, we define SIGNED_ACC as the three-year moving sum of the annual discretionary accruals:
In addition to the above variables, we include standard control variables for crosssectional variation in crash risk that may be correlated with factors such as size, leverage, market to book, profitability, return volatility and systematic risk. Appendix A describes each of these variables and how they are constructed. 
Crashes
As our focus is on firm-level opacity, we wish to distinguish cross-sectional variation in crash risk from market-wide crash risk. Therefore, we define a crash as a large, negative firmspecific residual in the following expanded index model regression:
where r j,t is the return on stock j in week t, r m,t is the CRSP value-weighted market index, and r i,t is the Fama-French value-weighted industry index. We allow for nonsynchronous trading by including lead and lag terms for the market and industry indexes (Dimson, 1979) . This framework controls for broad market and industry-wide price movements and thus allows us to focus on firm-specific price crashes. There is no reason that firm-specific crashes based on residuals from Eq. (4) should be expected to vary with market-wide crashes, and in fact, they do not. Our second measure is Extr_SIGMA, which is our attempt to create a more continuous and quantitative measure of crash risk. We express the worst firm-specific weekly return during each firm's fiscal year as the number of (weekly) standard deviations (computed within that firm-year) by which the return falls below the mean. In this way, for example, a 4-sigma event is recognized as more of an outlier than a 3-sigma event, and thus, as a more substantial crash.
Extr_SIGMA is calculated as:
The minus sign in Eq. (5) is added so that larger values of Extr_SIGMA signify price crashes of greater magnitude.
As noted above, given our definition of a CRASH, if firm-specific returns were normally distributed, one would expect to observe 0.1% of the sample firms crashing in any week. The probability of a crash over the course of a year would then be 1 − (1 − 0.001) 52 = 0.0507. In fact, while we use the normal distribution to provide a benchmark for extreme events, we expect and observe considerably greater frequency of crashes than the normal distribution would predict. For example, Table 4 , Panel A, indicates that 23.3% of the firmyears in our sample exhibit at least one CRASH.
Our definition of a CRASH implies a substantial price movement. In Table 4 recall that a crash is defined using residuals from an index model. Finally, the last set of columns report statistics averaging across industries. If any firm in an industry crashes in a given week, that is defined as a crash week for the industry. There is little evidence of substantially irregular industry performance in CRASH weeks. Extr_SIGMA weekly returns are similarly dramatically negative, as these returns are for the worst week of the fiscal year for each firm.
[ Table 4 near here]
Volatility Smirk
We obtain our option pricing data from OptionMetrics. Its Ivy DB database contains price and implied volatility data for the entire U.S. listed index and equity options markets.
The data are provided daily, using closing prices. Implied volatilities on each option are computed from a binomial option pricing model that assumes continuous log-normal returns, but accounts for dividend payments and allows for early exercise of both calls and puts. The implied volatility is obtained by iterating on sigma until the model price converges to the market price. Therefore, these implied volatilities may exhibit smirks if the true stock price process exhibits either stochastic volatility (Heston, 1993) or discrete jumps, but they are not subject to the dividend-induced distortions characteristic of Black-Scholes implied volatilities.
Given the implied volatility of each option, OptionMetrics computes a volatility surface across two dimensions: (log of) days to expiration and moneyness (delta). The surface is estimated by interpolating using a kernel-smoothing algorithm. At each grid point on the surface, volatility is calculated as a weighted average of the implied volatilities of traded options within a given distance from that grid point; weights are proportional to each option's vega but decline with the differences between (i) option maturity and the date of the grid point and (ii) option delta and the delta at that grid point. Thus, more similar and more volatility-sensitive options have greater influence on implied volatility at any point. For more detail, see OptionMetrics (2008) .
This interpolated volatility surface offers an advantage in our framework. Optionspecific implied volatilities are intrinsically noisy due to issues such as bid-ask spread or stale pricing. Therefore, one needs to subject these estimates to some sort of smoothing. Bollen and Whaley (2004) use an approach similar in spirit to the OptionMetric methodology when they average volatility estimates across a bucket of options with similar characteristics, for example, all options with deltas in a stipulated range. Another tactic is to use a smoothed price curve, as in Bates (2000) , who imputes implied volatility using option prices from a cubic spline fitted to actual prices. Here, OptionMetrics employs the entire set of options to compute the smoothed volatility surface and weights options according to their distance measure from each grid point. Therefore, from that surface we can select options of precise maturity and moneyness.
We use implied volatilities at horizons of 91 days. This maturity is selected as a compromise between two competing considerations. On one hand, jumps are more relevant for short-expiration options, while the potential impact of stochastic volatility may be greater at longer horizons (Bates, 2000) . On the other hand, most of the variables of interest, e.g., opacity, are accounting-based and measured annually. Thus, we compromise by using a 91-day implied volatility. We sample implied volatilities annually, using the 10 trading days prior to the start of the firm's fiscal year in which we observe crash occurrences and calculate
Extr_SIGMA. Our measure of implied volatility is a 10-day average of implied volatilities on 91-day options measured from day −10 to day −1 relative to the start of the firm's fiscal year.
The use of a 10-day average eliminates undue reliance on data from one particular day, which might be affected by stale prices or bid-ask spread.
We define the volatility smirk as the slope of the implied volatility curve relative to the moneyness of the option. As in Bollen and Whaley (2004) , we measure moneyness using the option delta, ∆. We compute implied volatility for two put options, ranging from roughly at the money (with ∆ = −0.5), to fairly deep out of the money. As the edge of the volatility surface provided by OptionMetrics is ∆ = −0.2 for puts, we take these as our out-of-themoney puts.
At-the-money (ATM) put
Out-of-the-money (OTM) put
Denoting implied volatilities as ∧ σ , we define the slope of the volatility smirk for puts as:
In principle, put-call parity implies that the implied volatilities for corresponding strike price call options should match those computed from the puts, at least for non-dividend paying European-style options. Nevertheless, as our sample is composed of American-style options on dividend-paying stocks, there may be differences in implied volatility. Moreover, as Bollen and Whaley (2004) emphasize, transaction costs create some wiggle room for the implied volatilities on calls and puts to differ. Therefore, we also compute the smirk curve using these analogous formulas for calls
At-the-money (ATM) call
In-the-money (ITM) call ∆ ITM = 0.8
Analogously to the put smirk, the slope of the volatility smirk for calls is:
Bollen and Whaley note further that there is deeper trading of low-strike-price puts than calls, potentially making put pricing more reliable than call pricing. Therefore, we rely primarily on put smirks, using calls for corroboration.
Of course, these option smirks presumably reflect crash risk from all sources, firmspecific as well as market-wide. Therefore, as we are interested in the impact of firmspecific contributors to crash risk, we focus our analysis on firm-specific smirks as indicators of that firm-specific crash risk. Accordingly, we define the firm-specific smirk as the ratio of the put or call smirk to the market-wide smirk as follows:
where the Market_SMIRK is defined by the implied volatilities of S&P 500 option contracts (the SPX contract) using the same deltas and maturities as for individual-stock puts and calls and using the same 10-day averaging procedure. In any year, of course, the Market_SMIRK is identical for all firms, and so would have no bearing on cross-sectional variation, but to the extent that market crash risk and the Market_SMIRK change over time, and that fiscal years do not all end on identical dates, these firm-specific smirks should be more precisely related to firm-specific crash risk.5 F 6 Table 2 presents summary statistics for our measures of the put smirk curve. The fact that Put_SMIRK is greater than 1 for the median firm in the sample (and in fact is greater than 1 even for the first quartile firm) is evidence that individual stock price crashes are viewed as more likely than positive jumps. In fact, untabulated findings indicate that this belief about crash risk characterizes each year of our sample period (i.e., the median
Put_SMIRK is greater than one in each year 1997 -2008). The firm-specific smirk,
Put_SMIRK_FS, is less than 1 for the median and Q3 firms in the sample. This reflects a generally steeper smirk for the index compared to individual stock options, and is consistent with conclusions of earlier research (e.g., Bakshi, Kapadei and Madan, 2003; Bollen and Whaley, 2004 ).
6 The cross-sectional dispersion of the firm-specific smirk is roughly the same magnitude as its typical time-series variation within firms. For example, the cross-sectional standard deviation of the smirk averages .060 across the 12 years of the sample, and ranges from 0.042 in 2000 to 0.078 in 2006. The within-firm time-series standard deviation of the firm-specific smirk averages 0.057 across the sample. Thus, within-firm variability and across-firm variability contribute roughly equally to total variability in the smirk.
Empirical Results
As noted, we test two broad groups of hypotheses. First, we compare market-based and accounting-based predictors of crash risk. We ask whether either or both actually track the likelihood of firm-specific crashes. We also test whether the implied volatility smirk curve tends to be steeper for firms demonstrating greater opacity. This is a less stringent test of rational option pricing in that it asks only whether the crash risk implied by opacity shows up to any extent in the option smirk curve. Clearly, if we can predict crash risk using accounting and other data, we would expect to see at least some evidence of this in the slope of the smirk.
In the second and more interesting tests, we run a horse race between accountingbased predictors of crash risk and predictors based on option prices. If the smirk curve crowds out opacity measures in a predictive model of crashes, one might conclude that such risk is fully reflected in option prices. If, on the other hand, those alternative predictors are significant even after accounting for the information in the smirk curve, then it would appear that the market is not fully utilizing available information, and that trading and/or risk management strategies can be devised to take advantage of that information.
Opacity and the Option Smirk Curve
We start by examining whether option-market and accounting-based predictors of crash risk are mutually associated. At a simple, univariate level, they are highly associated.
The Pearson (Spearman) correlation between OPAQUE and Put_SMIRK_FS is 0.128 (0.181), significant at better than a 1% level. Even controlling for other variables, this statistical relation is very strong. [ Table 5 near here]
Model 1 includes several alternative measures of earnings management, additional accounting-based predictors of crash risk, along with the usual control variables: lagged size (the natural log of market value of equity), lagged market-to-book ratio, lagged leverage, and lagged standard deviation of Firm Specific Weekly Returns. The market-to-book ratio places firms along a growth-versus-value spectrum and thus could be systematically related to crash risk, as growth firms are more vulnerable to a sudden loss of confidence in the value of future growth opportunities. Higher leverage by itself might increase crash risk through its impact on the sensitivity of equity returns to macroeconomic conditions; on the other hand, in a fuller equilibrium, firms with less crash risk will presumably be willing to incur higher levels of indebtedness.
Duan and Wei (2009) demonstrate that slopes of smirk curves are related to systematic risk, measured as the proportion of systematic variance in total variance. Thus, we also incorporate the R-Square from the following weekly market-model regression in our analyses as a control variable:
where r j,t is the return on stock j in week t and r m,t is the CRSP value-weighted market index.
We allow for nonsynchronous trading by including lead and lag terms for the market index (Dimson, 1979) . We use the R-square estimated over the prior fiscal year in our regressions.
Leverage is negatively but not significantly related to crash risk. The coefficient on
Size is positive and statistically significant, indicating greater asymmetry in forecasts of crashes versus jumps for larger firms. Put simply, while investors apparently expect that it is unlikely for a very large firm's value to increase by say 50% in the next 91 days, it is at least conceivable that the large firm's value could be cut in half. For smaller firms, investors' assessments of the likelihood of a positive versus a negative jump are more symmetric.
Consistent with Duan and Wei (2009), R-Square is positively related to the slope of the smirk curve, while SD(lnres) is negatively related to the slope of the smirk curve.
M/B and SALES_STREAK are negatively, and statistically significantly, related to the option smirk. In our regressions below, both M/B and SALES_STREAK are positively related to realized crashes, measured using either CRASH or Extr_SIGMA. Together, these findings are generally consistent with the view that extreme market-to-book ratios may reflect undue optimism about a firm's prospects based on recent strong performance (Lakonishok, Shleifer and Vishny, 1994 ). The excessive optimism shows up as a downward bias in forecasts of crash risk reflected in the options market relative to objective crash risk.
AssetQ_i, as expected, has a positive and statistically significant relation to the option smirk. Signed_ACC has an unexpected negative relation to the smirk. However, given the strong correlation between Signed_ACC and OPAQUE, Models 2 and 3 in Table 5 present the relation between discretionary accruals and the option smirk including only one of these measures. When OPAQUE is excluded (Model 3), the estimated coefficient on Signed_ACC is as predicted, positive and significant. On the other hand, the estimated coefficient for OPAQUE is virtually unaffected by the exclusion of Signed_ACC (Model 2).
It is worth noting that the economic impact of OPAQUE in explaining the firmspecific smirk curve is non-trivial. A one standard deviation swing in OPAQUE implies an increase in the smirk of 0.010 (= 0.0032 × 3.124), which is 16.7% of the average crosssectional sample standard deviation of Put_SMIRK_FS (see footnote 6). Thus, our broad conclusion from these regressions is that firm opacity is in fact significantly related to the assessment of crash risk reflected in option prices.
Crash Risk
We turn now to the ability of either opacity or the option smirk curve to explain cross-sectional variation in crash risk. We present findings first using a dichotomous measure of crash risk (CRASH) and then using a continuous measure of that risk (Extr_SIGMA). Table 6 presents logit analysis. Each firm-year is assigned a zero if the firm experiences no crash during the fiscal year and a one if there is at least one week during the fiscal year in which the stock price crashes.
[ Table 6 near here]
Of primary interest, Model 1 of Table 6 demonstrates that both OPAQUE and the put option smirk, Put_SMIRK_FS, are highly significant in predicting crash risk. Consistent with HMT, ROE is highly significant with a negative coefficient.
7
The comparison of the Table 5 and 6 regressions is instructive. Table 5 explains the smirk, which may be interpreted as an ex ante measure of crash risk. Table 6 analyzes actual crashes, an ex post measure of realized crashes. The role of OPAQUE as a predictor of both ex ante and ex post crash risk is noteworthy. However, the tables also reveal some inconsistencies. We have already pointed out that the negative coefficients on M/B and SALES_STREAK in Table 5 are inconsistent with the positive coefficients in Table 6 , and may signify that a high market-to-book ratio reflects undue extrapolation of good recent performance. Additionally, R-Square is positively related to the smirk (Table 5 ), but negatively related to crash risk (Table 6 ). Thus, it seems possible that inconsistencies between market assessments of crash risk (Table 5 ) and actual crash experience (Table 6) might form the basis of a trading strategy.
Leverage ( Our analysis in Table 6 throws away some potentially valuable information by treating crash risk as a simple {0,1} variable. In Table 7 we present OLS regressions that use our quantitative and continuous measure of crash outcome Extr_SIGMA (i.e., the number of standard deviations below the annual mean weekly return for the most extreme negative weekly return of the fiscal year).
[ Table 7 near here] Consistent with Table 6 , Model 1 of Table 7 demonstrates that both OPAQUE and the put option smirk, Put_SMIRK_FS, are highly significant in predicting crash risk. It is 7 In the accounting literature, studies of the impact of discretionary accruals on stock returns typically include controls for contemporaneous firm performance such as ROE. However, one might prefer to examine stock return characteristics during a given period without allowing for the influence of contemporaneous announcements. We therefore re-estimate all of our regressions without ROE as a control variable. As it turns out, the inclusion of ROE has almost no impact on any of the other regression estimates.
noteworthy that neither variable crowds out the other in predicting crashes. In a fully efficient market, option prices would presumably reflect all relevant information about crash risk, and so other variables would add no additional predictive power. In both Table 6 and   Table 7 , however, OPAQUE remains significant even in the presence of Put_SMIRK_FS.
This might reflect the fact that we are not using all the information contained in option prices: we consider only two points from the smirk curve, and we may be relying on implied volatilities derived from an overly simplistic option pricing model. Even so, the robustness of OPAQUE as a predictor of crash risk is impressive. Moreover, when we use more information from the smirk curve, for example, measuring its slope across two intervals (from ∆ = −0.5 to −0.35 and from −0.35 to −0.2) instead of only one (from −0.2 to −0.5), our results are barely affected.
As in Table 6 , high M/B ratios and a longer SALES_STREAK are both positively associated in Table 7 with more dramatic tail risk, consistent with the notion that growth firms suffer dramatic price corrections when forecasts of their prospects are revised downward. Not surprisingly, strong contemporaneous operating performance (ROE) is associated with lower crash risk.
Our broad conclusion from the analyses presented in Tables 6 and 7 is that several variables, notably OPAQUE, M/B ratios, and SALES_STREAK, are predictors of firmspecific crash risk as well as the magnitude of such crashes, even controlling for the option smirk.
These results suggest a trading strategy. If option prices do not fully reflect the magnitude or likelihood of crash risk, then one should be able to profit by buying out-of-themoney puts of firms that are more crash prone than reflected by the smirk curve. Our results suggest that those are firms with high opacity, and with strong current stock market sentiment (market-to-book) and sales growth. Because these variables predict crashes even after controlling for the smirk, one could rank firms by opacity, buy puts in firms with aboveaverage opacity, and delta hedge the position. This strategy ought to provide positive riskadjusted returns.
Robustness checks
In this section, we present a series of robustness checks for our empirical results.
Call Versus Put Smirks
As noted above, put-call parity would imply that call and put implied volatilities ought to be equal for identical strike prices and expirations. In practice, however, some options, particularly those that are out of the money, may not trade frequently or in deep markets. Therefore, we repeat the analysis in Tables 5 through 7 using call option data in place of put option data. As it turns out, the results for calls are virtually identical to those for puts in Tables 6 and 7 . The only change is in Table 5 , where the coefficient on AssetQ_i becomes insignificant and the coefficient on Leverage become more negative and significant.
However, the t-statistics on OPAQUE continue to exceed 10. Table 6 uses logit analysis to estimate crash likelihood. An alternative approach would be to employ a hazard model. Hazard models are common tools for dealing with the outcome and timing of zero-one variables (in our application, whether a crash occurs in any period); unlike logit models, they explicitly allow the likelihood of an event to vary as a function of time. In many applications, time per se matters, for example, as subjects age or become worn out. In our case, this is not an issue, so the logit model should be adequate; nevertheless we estimate hazard regressions to confirm the robustness of our logit analysis.
Hazard Model
The so-called hazard rate is the conditional probability that a stock price crash takes place in a given period. The popular Cox proportional hazard model decomposes the hazard rate into a baseline level (that may be a function of time) and the impact of a set of explanatory variables. The model specifies the hazard rate as:
where h 0 (t) is the baseline hazard rate, x(t) is the vector of possibly time-varying explanatory variables and β is a vector of regression coefficients to be estimated. Variation in the vector of explanatory variables, x(t), will shift the hazard function up or down. This specification is called a proportional hazard model because a unit increase in a right-hand side variable with coefficient β multiples the conditional probability of a crash during the next period by the factor exp(β). Table 8 presents hazard model results, which are remarkably consistent with the logit regressions. Precisely the same variables are statistically significant in both regressions, the signs of all significant coefficients match, and magnitudes are also comparable. The hazard model clearly supports the results of the logit analysis.
[ Table 8 near here]
Conclusion
We investigate three facets of cross-sectional variation in the risk of stock price crashes: actual crash incidence, and empirical predictors of that risk such as accounting opacity, and the option smirk curve. We show that all three of these variables are related.
Option smirks and accounting opacity each independently predict cross-sectional variation in crash risk. The slope of the smirk curve and opacity are themselves correlated at extremely high levels of statistical significance, indicating that the market is aware of the link between opacity and crash risk. Nevertheless, even controlling for the option smirk, some measures of opacity are still reliably associated with crash risk, suggesting that the options market does not fully utilize the predictive value of opacity. Some of our results are consistent with behavioral models in which strong recent performance is extrapolated too far into the future, only to result in a major reversal when those expectations are disappointed.
Appendix A Variable definitions
OPAQUE is the prior three years' moving sum of the absolute value of discretionary accruals.
Specifically,
where DiscAcc t is measured using the Modified Jones Model. Winsorized at the 1 st and 99 th percentile.
SIGNED_ACC is the three-year moving sum of the annual discretionary accruals:
SALES_STREAK is defined as the number of consecutive years with increasing sales revenue, counting backwards from fiscal year -1 to fiscal year -4. SALES_STREAK ranges from 0 to 3.
EPS_STREAK is defined as the number of sequential prior years with positive and increasing earnings per share, counting backwards from fiscal year -1 to fiscal year -4. EPS_STREAK ranges from 0 to 3.
AssetQ_i is the ratio of asset quality in year t to asset quality in year t -1:
Winsorized at the 1 st and 99 th percentile.
Firm-Specific Weekly
Return is equal to ln(1+ residual), where the residual is ε j,t from the expanded index-model regression, estimated weekly: r j,t = α j + β 1,j r m,t-1 + β 2,j r i,t-1 + β 3,j r m,t + β 4,j r i,t + β 5,j r m,t+1 + β 6,j r i,t+1 + ε j,t SD(lnres) is the standard deviation of the Firm-Specific Weekly Return measured during the prior fiscal year.
CRASH is an indicator variable equal to one if within its fiscal year a firm experiences one or more Firm-Specific Weekly Returns falling 3.09 or more standard deviations below the mean FirmSpecific Weekly Return for its fiscal year and equal to zero otherwise.
We express the worst weekly return of the firm's fiscal year as the number of standard deviations that return falls below the mean:
We define the slope of the volatility smirk for puts as: 
